Introduction {#sec1-0300060520914466}
============

Glioma is the most common tumour of the central nervous system. In clinical practice, precise tumour classification assists neuro-oncologists in patient treatment and in evaluating the entire prognosis.^[@bibr1-0300060520914466]^ Tumour grade-guided treatment for gliomas is determined using molecular markers and histopathological characteristics, and a series of molecular markers have been found that are helpful in clinical diagnosis as well as prognosis.^[@bibr2-0300060520914466]^ To introduce the concept of using molecular parameters in constructing diagnoses of central nervous system tumours, the 2016 World Health Organisation's classification of central nervous system tumours used molecular parameters in addition to histology to define several tumour characteristics.^[@bibr3-0300060520914466]^ Diagnoses based on molecular pathological typing of gliomas are more accurate in determining clinical prognosis.^[@bibr3-0300060520914466],[@bibr4-0300060520914466]^

Proliferation-related Ki-67 antigen is closely related to the cell cycle, directly reflecting cell proliferation, and is closely related to tumour progression. *Ki-67* has lower expression in normal brain tissues, compared with high expression levels in glioma cells.^[@bibr5-0300060520914466]^ Higher positive values for the Ki-67 marker index relate to higher degree of malignancy (grade) and worse prognosis,^[@bibr6-0300060520914466]^ and low levels of Ki-67 protein are reported to be significantly correlated with mutation in the isocitrate dehydrogenase (NADP(+))1 (*IDH1*) gene,^[@bibr7-0300060520914466]^ thus Ki-67 may be used as a prognostic indicator of glioma.^[@bibr8-0300060520914466]^

The tumour protein p53 (*TP53*) gene is a tumour suppressor gene that affects the occurrence and development of glioma.^[@bibr9-0300060520914466]^ Hence, p53 acts as an indicator of poor prognosis and malignant transformation, and has also been shown to be associated with radiotherapy and chemotherapy effects in patients with malignancy.^[@bibr10-0300060520914466],[@bibr11-0300060520914466]^

Radiomics is an advanced non-invasive radiological analysis method. In glioma research, a series of prediction models are obtained by establishing the correlation between key clinical features and image features. A series of studies have shown that radiomics may be used to predict genome, protein, transcriptome and clinical prognosis.^[@bibr12-0300060520914466][@bibr13-0300060520914466]--[@bibr14-0300060520914466]^

Existing research relies on the macroscopic features of conventional magnetic resonance imaging (MRI) to outline regions of interest (ROI). The aim of the present study was to outline peritumoral zones in MR images according to fixed width, and to explore prediction models established using ROIs based on these zones, and levels of Ki-67 and p53.

Patients and methods {#sec2-0300060520914466}
====================

Study population {#sec3-0300060520914466}
----------------

In this retrospective study, patients with pathologically confirmed glioma, who were treated at Zhejiang Provincial People's Hospital, were sequentially enrolled between January 2013 and September 2018. Inclusion criteria comprised: patients who underwent glioma resection and who had Ki-67 and/or p53 immunohistochemical results for resected tissue. The exclusion criteria were as follows: (1) patients who underwent preoperative craniotomy or chemoradiotherapy prior to scanning; (2) patients with a self or family history of mental disorders or diseases of the nervous system; and (3) patients with a history of craniocerebral trauma. Data regarding patient demographics, MRI images, and Ki-67 and p53 levels were obtained from clinical records.

The study was approved by the Ethics Committee of Zhejiang Provincial People's Hospital (No. 2013KY066). All participants provided written informed consent prior to commencement of the research, and the study was conducted according to the Declaration of Helsinki.

Imaging {#sec4-0300060520914466}
-------

All patients received standardized MRI of the brain using a Discovery MR750 3.0T MR system (GE Healthcare, Waukesha, WI, USA). A common MRI protocol in T2-weighted fast spin-echo images (T2-FSE) and T1-weighted fluid-attenuated inversion recovery (T1-FLAIR) images was used.

Following acquisition, images were preprocessed using Artiﬁcial Intelligence Kit software (A.K; GE Healthcare Life Sciences) as follows: (1) Resampling, all maps were resampled to 1 mm^3^ (Interpolation, Linear); (2) Denoising, Gaussian 0.50. Bias Correct, MR Bias Field Correction; (3) Intensity standardization (Grey level Standardization), Desired minimum of 0.0 and desired maximum of 255.0.

Following preprocessing, the region of interest (ROI) was drawn using ITK software ('ITK-SNAP'; [https: //www.itksnap.org/](https://www.itksnap.org/)). The boundary of the tumour was determined by the T1 sequence, then the solid parts of the tumour on the T1 and T2 sequences were delineated based on this reference, and using this, the peritumoral areas were expanded by 5 mm steps. A representative image of the solid tumour components and peritumoral areas (5/10/15/20 mm) is presented in [Figure 1](#fig1-0300060520914466){ref-type="fig"}. All segmentations were finished by a radiologist (XS) and checked by a neuroradiologist (LL). Any disagreements were resolved by integrating the opinion of a third neuroradiologist (ZD). Unresolved disagreements between radiologist and neuroradiologist were resolved by taking the overlapping ROI. All statistical tests were performed using SPSS software, version 20 (IBM, Armonk, NY, USA).

![Representative brain magnetic resonance image of the peritumoral areas (5/10/15/20 mm, respectively).](10.1177_0300060520914466-fig1){#fig1-0300060520914466}

Feature calculation {#sec5-0300060520914466}
-------------------

First, the original T1-FLAIR and T2-FSE imaging and ROI images were loaded into the A.K software, then features were selected in the operation interface, including Form factor, Histogram, Haralick, grey level run-length matrix (RLM) and grey level co-occurrence matrix (GLCM), with 396 features extracted from these data. Next, a label regarding Ki-67 and p53 was added for each patient. In the model for Ki-67 level, a value of ≥10% of cells expressing *Ki-67* was labelled 1 and Ki-67 \<10% was labelled 0.^[@bibr15-0300060520914466]^ In the model for p53 level, p53+ (positive) was labelled 1 and p53-- (negative) was labelled 0.

Feature selection {#sec6-0300060520914466}
-----------------

Preprocessing steps Abnormal values (non-calculated values or outliers) were replaced by the sample mean. (2) The ratio of actual data to training data was 0.7, and for the test data was 0.3.

Selection steps Feature data were first assessed for normality of distribution. Differences between features with normally distributed data were analysed by Student's *t*-test; and data without normal distribution were analysed by rank--sum *U*-test. A *P* value \< 0.05 was considered statistically significant.Correlation analysis was used to reduce the dimensions as follows: The extracted features were ordered 1--396. Spearman's rank correlation coefficient (filter threshold 0.9) was performed on any of two feature columns. If the correlation coefficient was \>0.9, then the means of two features were highly correlated, thus, the previous feature was retained and the other excluded.The most meaningful features were chosen by the LASSO regression model and least absolute shrinkage in the training data. The sum of squares of residuals should be minimized, wherein the absolute sum of the selected characteristic coefficients does not exceed the tuning parameter (λ). In the LASSO model, the minimum criterion (λ) based on 10 cross validations was chosen. This method was used for regression analyses of high-dimensional data.^[@bibr16-0300060520914466]^

Machine learning {#sec7-0300060520914466}
----------------

First, training and test data were used for designing and checking the models, then, the logistic regression process was used to build the model for predicting Ki-67 and p53 level. The method was based on linear function, which was introduced into the sigmoid function as an independent variable. The classification was determined according to the probability *P* of output (the classification result being 1).

In the training and test groups, the area under the curve (AUC) for receiver-operator characteristic (ROC) curves was used to quantify the prediction accuracy of radiology features.

Results {#sec8-0300060520914466}
=======

A total of 92 patients were included in the study, who had the following data available: Ki-67 data, 55 patients; p53 data, 51 patients; and Ki-67 plus p53 data, 49 patients ([Table 1](#table1-0300060520914466){ref-type="table"}). The ratio of Ki-67 ≥10% to Ki-67 \< 10% was 6: 11 in the test data set, and 7: 12 in the training data set.

###### 

Clinical and demographic data from 92 patients with pathologically confirmed glioma.

![](10.1177_0300060520914466-table1)

  Demographic        Clinical parameter                                                              
  ------------------ -------------------- ----------------- ---- ----------------- ----------------- ----
  Age, years         42.950 ± 16.288      51.343 ± 15.117   NS   52.750 ± 14.429   51.829 ± 14.557   NS
  Sex, male/female   12/8                 23/12             NS   12/4              23/12             NS

Data presented as *n* prevalence or mean ± SD.

^a^0 = Ki-67 \<10% and 1 = Ki-67 ≥10%; ^b^0 = p53-- and 1 = p53+.

NS, no statistically significant between-group difference (*P* \> 0.05).

Results from testing the models using ROC curve analyses found that the best AUC value was shown for the T2 solid model to classify Ki-67 ≥10% from Ki-67 \< 10%, which produced an AUC of 0.773 ([Figure 2](#fig2-0300060520914466){ref-type="fig"}) with sensitivity, specificity, accuracy, and precision values of 0.818, 0.833, 0.824, 0.9, respectively ([Table 2](#table2-0300060520914466){ref-type="table"}).

![Receiver operating characteristic (ROC) curve analysis of testing and training data for the Ki-67 model in the T2 solid tumour area.](10.1177_0300060520914466-fig2){#fig2-0300060520914466}

###### 

Receiver operating curve analyses of radiomic models for predicting Ki-67 levels in patients with glioma using different regions of interest.

![](10.1177_0300060520914466-table2)

                MRI region                                   
  ------------- ------------ ------- ------- ------- ------- -------
  Accuracy      0.647        0.824   0.588   0.705   0.706   0.706
  Sensitivity   0.727        0.818   0.818   0.818   0.727   0.727
  Specificity   0.5          0.833   0.167   0.5     0.667   0.667
  AUC           0.621        0.773   0.636   0.652   0.651   0.773
  Precision     0.727        0.9     0.643   0.75    0.8     0.8

MRI, magnetic resonance imaging; AUC, area under the curve; solid, solid tumour region in T1 or T2 weighted images; 5/10/15/20 mm, peritumoral regions in T2-weighted images.

The AUC value for the T2 20-mm peritumoral area model to classify Ki-67 ≥10% from Ki-67 \<10% was also found to be 0.773 ([Figure 3](#fig3-0300060520914466){ref-type="fig"}), but with sensitivity, specificity, accuracy, and precision values of 0.727, 0.667, 0.706, 0.8, respectively ([Table 2](#table2-0300060520914466){ref-type="table"}).

![Receiver operating characteristic (ROC) curve analysis of testing and training data for the ROC curve of testing and training data for the Ki-67 model in the T2 20-mm peritumoral areas.](10.1177_0300060520914466-fig3){#fig3-0300060520914466}

The lowest AUC value was 0.621 for the T1 solid model to classify Ki-67 ≥10% from Ki-67 \<10% ([Figure 4](#fig4-0300060520914466){ref-type="fig"}), with sensitivity, specificity, accuracy, and precision values of 0.727, 0.5, 0.647, 0.727, respectively ([Table 2](#table2-0300060520914466){ref-type="table"}).

![Receiver operating characteristic (ROC) curve analysis of testing and training data for the Ki-67 model in the T1 solid tumour area.](10.1177_0300060520914466-fig4){#fig4-0300060520914466}

The ratio of p53+ to p53-- was 5: 11 in the test data set, and 11: 24 in the training data set.

Testing the models using ROC curve analyses showed that the best AUC value was found for T2 10-mm peritumoral area model to classify p53+ from p53--, which produced an AUC of 0.709 ([Figure 5](#fig5-0300060520914466){ref-type="fig"}), with sensitivity, specificity, accuracy, and precision values of 1, 0.4, 0.813, 0.786, respectively ([Table 3](#table3-0300060520914466){ref-type="table"}).

![Receiver operating characteristic (ROC) curve analysis of testing and training data for the p53 model in the T2 10-mm peritumoral areas.](10.1177_0300060520914466-fig5){#fig5-0300060520914466}

###### 

Receiver operating curve analyses of radiomic models for predicting p53 levels in patients with glioma using different regions of interest.

![](10.1177_0300060520914466-table3)

                MRI region                                   
  ------------- ------------ ------- ------- ------- ------- -------
  Accuracy      0.688        0.562   0.562   0.813   0.5     0.688
  Sensitivity   0.636        0.636   0.727   1       0.636   0.909
  Specificity   0.8          0.4     0.2     0.4     0.2     0.2
  AUC           0.673        0.382   0.527   0.709   0.381   0.4
  Precision     0.875        0.7     0.666   0.786   0.636   0.714

MRI, magnetic resonance imaging; AUC, area under the curve; solid, solid tumour region in T1 or T2 weighted images; 5/10/15/20 mm, peritumoral regions in T2-weighted images.

The AUC value for the T1 solid model to classify p53+ from p53-- was 0.673 ([Figure 6](#fig6-0300060520914466){ref-type="fig"}), with sensitivity, specificity, accuracy, and precision values of 0.636, 0.8, 0.688, 0.875, respectively ([Table 3](#table3-0300060520914466){ref-type="table"}).

![Receiver operating characteristic (ROC) curve analysis of testing and training data for the p53 model in the T1 solid tumour area.](10.1177_0300060520914466-fig6){#fig6-0300060520914466}

Specific features calculations for the different models in different radiographic areas are provided as supplemental material.

Discussion {#sec9-0300060520914466}
==========

The present study employed a radiomics approach to investigate the potential association between quantitative imaging features extracted from MR images and Ki-67 and p53 levels in patients with glioma. The results showed that a machine learning-based predictive model extracted from the imaging features could distinguish between low and high levels of Ki-67 (AUC 0.773). In the p53 model, the best AUC was 0.709, but with a specificity of 0.4. The results also showed that in the Ki-67 marker model, the 20-mm peritumoral area in the T2-weighted sequence had predictive efficiency (AUC, 0.773; and accuracy, 0.706) that was close to the solid tumour part in T2 sequence imaging.

Levels of p53 and Ki-67 are useful pathological molecular biomarkers in the diagnosis and treatment of glioma, and are widely used in the clinic.^[@bibr4-0300060520914466],[@bibr17-0300060520914466]^ The present research suggests a potential non-invasive method for predicting levels of the Ki-67 marker, and also highlighted that p53 may have some correlation with radiomics on T2 and T1 sequences.

According to the study conducted by Su et al.,^[@bibr18-0300060520914466]^ radiomics features are significantly correlated with the level of Ki-67. The study showed that the AUC value of a single-sequence Ki-67 model can reach 0.745, which is slightly below the value in the present study (AUC, 0.773), and the composite sequence can reach an AUC value of 0.963.^[@bibr18-0300060520914466]^ Another study in low-grade gliomas reported an AUC value for a p53 model of 0.763, which is higher than the present study.^[@bibr19-0300060520914466]^ This may be related to the fact that the present study was not grouped by level. Previous studies have shown that imaging histology may be helpful in predicting the molecular characteristics of gliomas and useful in targeted and personalized treatment.^[@bibr20-0300060520914466]^,^[@bibr21-0300060520914466]^ Furthermore, the present study showed that the 20-mm peritumoral area in T2-weighted imaging had a similar efficiency in predicting Ki-67 levels as the solid tumour part in T2-weighted imaging. Peritumoral oedema is one of the main characteristics of malignant glioma and an important factor that affects the incidence and mortality in patients with glioma.^[@bibr22-0300060520914466]^ This may be related to the infiltration of glioma cells into the peritumoral area.^[@bibr23-0300060520914466]^ In addition, according to a recent study, a number of glioma stem cells were found to have infiltrated into the region of the peritumoral oedema,^[@bibr24-0300060520914466]^ and these resistant cells are, in turn, found to cause tumour recurrence.^[@bibr25-0300060520914466][@bibr26-0300060520914466]--[@bibr27-0300060520914466]^ The present findings suggested that there was a correlation between radiomics features and Ki-67 in the peritumoral areas.

In the present research, the peritumoral zone was found to have different prediction capabilities in different ranges. For Ki-67 markers, with the expansion of the peritumoral areas, the model prediction accuracy was found to gradually increase, suggesting that there are texture features related to *Ki-67* expression in the peritumoral zone. These results indicate that the peritumoral areas should be involved in the establishment of a glioma model. A study of peritumoral zone perfusion revealed that the peritumoral area of gliomas has different perfusion changes from metastatic tumours.^[@bibr28-0300060520914466]^ Research often outlines ROI through solid, necrosis, and oedema areas,^[@bibr29-0300060520914466]^ but other research has shown that infiltration of tumour cells can be found in the peritumoral areas without changes in conventional MRI results.[@bibr30-0300060520914466] Therefore, the present study used the method of extending the tumour edge outward with a fixed width, to outline and analyse the peritumoral areas, and revealed that a valuable model can also be obtained. In the analysis of glioma texture, in addition to the ROI delineation through tumour imaging, attention to the peritumoral areas without changes in conventional MRI may be complementary to the current study of glioma texture. Attention to changes in the peritumoral zone may provide more information about the radiological characteristics of gliomas.

The present results may be limited by several factors. Because the sample size is relatively small, and thus, insufficient, the performance of the classification models may have deficiencies. Therefore, a future large multicentre study is needed to assess the universalization ability of the radiomics model. Also, due to the data being relatively dated, some patients did not have contrast-enhanced T1-weighted images, diffusion-weighted images, and apparent diffusion coefficient sequence checks, and hence, further related studies are being conducted to address these improvements.

In conclusion, Ki-67 was shown to have a better correlation with radiomic features than p53 in T2 weighted imaging. Furthermore, the Ki-67 markers displayed a good predictive effect in the 20-mm peritumoral areas. These data suggest that there is further research value in the brain area without conventional MR features. The present study also found that p53 markers may be correlated with radiomics in T2 and T1-weighted sequences, and more sequence studies and explorations are warranted in further studies. With the help of these models, the tumour can be evaluated prior to surgery to obtain more information regarding the extent of surgery required, as well as the treatment and prognosis.
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